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Abstract We develop a galaxy cluster finding algo-
rithm based on spectral clustering technique to identify
optical counterparts and estimate optical redshifts for
X-ray selected cluster candidates1. As an application,
we run our algorithm on a sample of X-ray cluster can-
didates selected from the third XMM-Newton serendip-
itous source catalog (3XMM-DR5) that are located in
the Stripe 82 of the Sloan Digital Sky Survey (SDSS).
Our method works on galaxies described in the color-
magnitude feature space. We begin by examining 45
galaxy clusters with published spectroscopic redshifts
in the range of 0.1 to 0.8 with a median of 0.36. As
a result, we are able to identify their optical counter-
parts and estimate their photometric redshifts, which
have a typical accuracy of 0.025 and agree with the
published ones. Then, we investigate another 40 X-ray
cluster candidates (from the same cluster survey) with
no redshift information in the literature and found that
12 candidates are considered as galaxy clusters in the
redshift range from 0.29 to 0.76 with a median of 0.57.
These systems are newly discovered clusters in X-rays
and optical data. Among them 7 clusters have sepec-
troscopic redshifts for at least one member galaxy.
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1 Introduction
Study of galaxy clusters is an important field in Astron-
omy since they attain maximum values in the density
space and their properties provide one of the ways to
test expansion and structure growth models (e.g. Voit
2005; Allen et al. 2011). Therefore, various cluster sur-
veys have been conducted at X-rays, optical and mm
wavelengths due to multi-components of their bary-
onic matters (galaxy and intracluster gas). Detect-
ing galaxy clusters in optical data is not an easy task
since the available spatial information is precise only
in two dimensions which are the right ascension(α)
and declination(δ). The third important spatial dimen-
sion is along the line of sight but unfortunately it has
large uncertainty, which leads to confusion in detect-
ing galaxy clusters and determining their memberships
(e.g. Gal 2008; Hao et al. 2010).
X-ray cluster surveys provide an accurate selection
method for detecting galaxy clusters at wide redshift
range up to 1.7 (e.g. Piffaretti et al. 2011; Takey et al.
2011; Mehrtens et al. 2012; Clerc et al. 2012; Takey
et al. 2013, 2014; Clerc et al. 2014; Pierre et al. 2015).
Although X-ray observations are not available for a
large area on the sky and do not provide redshift for
the majority of the selected clusters, they determine
precisely the cluster centers and provide observable pa-
rameters (X-ray luminosity and temperature) correlat-
ing well with the cluster mass. Optical and NIR ob-
servations provide the main data to estimate cluster
redshifts. Galaxy clusters are tightly related in space
(α, δ and redshift) as well as in color. Therefore, op-
tical cluster detection algorithms try to make use of
these properties to identify galaxy clusters and their
members as well as to estimate cluster redshifts (e.g.
Koester et al. 2007; Hao et al. 2010; Rykoff et al. 2014;
Durret et al. 2015; Wen & Han 2015).
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2In this paper, we use the spectral clustering algo-
rithm for optically detecting and estimating photomet-
ric redshift of X-ray selected cluster candidates from the
3XMM/SDSS Stripe 82 galaxy cluster survey (Takey
et al. 2016). Our cluster finding algorithm tries to
identify galaxy clusters in the multi-dimensional color-
magnitude space of galaxies. An important goal of the
algorithm is to minimize both false positive overheads
(projection effects) and false negative detections (miss-
ing cluster galaxies) which lead in turn to precisely es-
timate the cluster redshift. Applying the algorithm on
a subsample of 45 clusters with available spectroscopic
redshifts in the literature gives recovery for all of them
with comparable photometric redshift estimates. In ad-
dition, we optically confirm and estimate redshifts of 12
X-ray cluster candidates which had no available red-
shifts in literature. Those are considered as new galaxy
clusters in the literature.
The paper is organized as follows. Section 2 gives a
brief description of related work in optical detection of
galaxy clusters. We briefly describe the 3XMM/SDSS
Stripe 82 galaxy cluster survey and its X-ray and optical
data in section 3, while the cluster samples studied in
this work are presented in section 4. Section 5 presents
the spectral clustering-based galaxy clusters finding al-
gorithm, which we develop for photometric redshift es-
timation and cluster confirmation. Section 6 gives the
results for the studied cluster samples and a compari-
son with the published ones. We end by section 7 for
conclusion and future work. Throughout this paper we
use the following values for the cosmological constants:
H0=70 km s
−1Mpc−1, ΩM=0.3, and Ωλ=0.7.
2 Related work in optical detection of galaxy
clusters
Gal (2008) gives an overview of optical detection algo-
rithms of galaxy clusters. These techniques are devel-
oped to detect galaxies clustered in three spatial dimen-
sions after de-projection of field galaxies. Therefore,
these algorithms can be classified based on their de-
projection method using available data as summarized
by Hao et al. (2010). At first, only single-band data
were available, but with advance in the digital imaging
technology, multi-band data became available as well.
For a single-band data, the clustering algorithms de-
pend only on the magnitude property of the galaxies as
in smoothing kernels (Shectman 1985), adaptive ker-
nel (Gal et al. 2000), matched filter (Postman et al.
1996), voronoi tessellation (Kim et al. 2002) and cut
and enhance algorithm (Goto et al. 2002). The single-
band magnitude of galaxies could be used for detection
of massive clusters. The constructed cluster catalogs
based on single-band data do not have good purity nor
completeness for low/intermediate mass regimes (Hao
et al. 2010).
With the availability of multi-band data, clustering
algorithms began to use either colors or photometric
redshifts of galaxies. Cluster galaxies can be identi-
fied using the red sequence (E/S0 ridgeline), which has
a very narrow color scatter and slightly tilted color-
magnitude relation (e.g. Gladders & Yee 2005; Koester
et al. 2007; Hao et al. 2010; Rykoff et al. 2014). The
other method to de-project galaxies along the line of
sight is based on the photometric redshifts of galax-
ies, which are determined based on their magnitudes
or colors. The accuracy of cluster photometric red-
shifts in this method is about 0.02-0.03 (e.g. Wen et al.
2009; Takey et al. 2013; Wen & Han 2015). Cluster
algorithms based on spectroscopic redshifts of galaxies
provide more accurate redshifts for clusters (e.g. Miller
et al. 2005; Berlind et al. 2006), but are limited to clus-
ters with available spectroscopic coverage.
In this work, we make use of the multi-band magni-
tudes available in SDSS as well as the photometric red-
shifts of galaxies. First, we use our spectral clustering-
based cluster finding algorithm to identify galaxies with
similar colors including the brightest galaxy within a
certain angular radius from the X-ray positions. Then,
we use their photometric redshifts to determine the
cluster redshift. The available spectroscopic redshifts
of galaxies are used to compute the uncertainties of the
cluster photometric redshift estimates.
3 Data Description
Selecting galaxy clusters in X-rays provides complete
and pure cluster samples. X-ray observations provide
information about cluster positions and fluxes. Unfor-
tunately, it does not provide redshift information of
clusters except for very X-ray bright clusters (in this
case, redshift can be measured from X-ray data alone).
In our work, we begin with analyzing X-ray (XMM-
Newton) observations and then using the available opti-
cal information from SDSS Stripe 82 photometric data.
In this section, we briefly describe the X-ray cluster
candidates as well as the optical data used in our anal-
ysis.
3.1 X-ray cluster candidates in Stripe 82 region
We have conducted a galaxy cluster survey based on
XMM-Newton observations that are located in the
SDSS Stripe 82 footprint (Takey et al. 2016). Due
3to the small number of XMM-Newton observations
pointed at the Stripe 82 region (S82, hereafter), the
survey area is 11.25 deg2 corresponding to 74 observa-
tions considered in our survey. The X-ray cluster candi-
dates were selected from extended sources in the third
XMM-Newton serendipitous source catalog2 (3XMM-
DR5, Rosen et al. 2016). After visual inspection of
both X-ray and optical images of the selected candi-
dates, the X-ray cluster candidate list comprises 94 ob-
jects. We have searched for available redshifts in the lit-
erature for these candidates. As a result, 54 candidates
are previously known as galaxy clusters with available
redshifts in the range of 0.05-1.2. The remaining 40
systems are cluster candidates that have no informa-
tion in the literature about being galaxy clusters and
there is no redshift information available. The majority
of these candidates are expected to be at high redshifts
z > 0.6, as indicated from the appearance of surround-
ing galaxies for X-ray positions in optical images.
3.2 SDSS Stripe 82 optical data
Annis et al. (2014) constructed and characterized the
coaddition SDSS S82 ugriz imaging data based on re-
peated scans by SDSS. The data covers 270 deg2 on the
sky (−50.0◦ ≤ α ≤ 60.0◦ and −1.25◦ ≤ δ ≤ 1.25◦) and
reaches 2 magnitude deeper than the normal SDSS sin-
gle scan data. The galaxy catalog (∼ 13 million galax-
ies) extracted from the co-added deep data is 50% com-
pleteness at r ∼ 23.5 and i ∼ 23.0 mags. The photom-
etry is good to 1% in u and z bands and to 0.5% in g,
r, and i bands. The data was made public in the Cat-
alog Archive Server (CAS) of SDSS-DR7 and included
in the successive releases.
Reis et al. (2012) have estimated the photometric
redshifts of galaxies (∼ 13 million objects) that are de-
tected in the co-add data in S82 region by Annis et al.
(2014). They used the artificial neural network tech-
nique to estimate the photometric redshifts of galaxies
in 16 < r < 24.5 and the nearest neighbor error method
to determine the errors in the estimated photometric
redshifts. Comparing the estimated photometric red-
shifts to the training galaxy sample with spectroscopic
redshifts indicated that the photometric redshift error
is smaller than 0.031. The catalog is available as an
SDSS value-added product of SDSS-DR73.
The recent data release of the SDSS projects is the
SDSS-DR124 (Alam et al. 2015). It includes all SDSS
2http://xmmssc.irap.omp.eu/Catalogue/3XMM-DR5/
3XMM DR5.html
3http://classic.sdss.org/dr7/products/value added/index.html
4http://skyserver.sdss.org/dr12/en/tools/chart/navi.aspx
observations through July 2014. One of the important
catalogs among the released data is the galaxy spectra
catalog that comprises ∼ 2.4 million galaxies with spec-
troscopic redshifts. These spectra were performed in
the framework of the Baryon Oscillation Spectroscopic
Survey (BOSS) and previous SDSS spectroscopic pro-
grams. The galaxy spectroscopic redshifts are available
in the CAS of SDSS-DR12.
In our present work, we use the photometric data
from the S82 co-add data (Annis et al. 2014), photo-
metric redshifts of galaxies and their errors from (Reis
et al. 2012), and the spectroscopic redshift of galax-
ies in the SDSS-DR12 (Alam et al. 2015). First, we
obtained the photometric parameters (IDs, positions,
dereddened model magnitudes in griz bands and their
errors) of galaxies surrounding X-ray cluster candidates
from S82 co-add data (Galaxy view table in CasJobs).
In this step, we used a similar SDSS query and a mag-
nitude cut (16 < r < 24.5) as the ones used by Reis
et al. (2012). Second, we cross correlated the extracted
galaxy samples with the galaxy photometric redshifts
(Reis catalog) through the IDs of galaxies since they are
the same in both catalogs. Third, the spectroscopic red-
shifts, when available, were retrieved from SDSS-DR12
(SpecObj table in CasJobs) through cross-matching the
positions of galaxies since the IDs in SDSS-DR7 and -
DR12 are different.
Finally, for each X-ray cluster candidate in our list
(94 candidates) we have a galaxy table including all
galaxies within 10 arcmin (∼ 1100 kpc at a redshift
of 0.1) from its center with IDs, α, δ, griz mags and
their errors, zphot, err zphot (Reis catalog), and zspec
(SDSS-DR12), when available. We also created galaxy
tables in the same way, as mentioned above, for 100
random positions in S82 region to estimate the galaxy
density of fore- and background galaxies in a physical
radius as a function of redshift to be used for testing
and comparing our results.
The galaxy sample is in the magnitude range of 16 <
r < 24.5. To filter the extracted galaxies from very
faint objects, we excluded all galaxies fainter than 25
mags in the other bands (giz). We also remove galaxies
with large relative errors in all magnitudes higher than
0.1. In the code of our algorithm, we apply another
magnitude cut of i < 23 (50% completeness magnitude
as given by Annis et al. (2014)) with an error smaller
than 0.3.
Reis et al. (2012) recommended to apply a cut on
the error of zphot for high redshift galaxies (> 0.75)
since faint galaxies have high redshift errors. We used
galaxies with redshift 0.03 < zphot < 1 and relative
error (err zphot/zphot) smaller than 0.5. The objects in
the galaxy sample that are classified as ’Star’ from their
4spectra (as given in SpecObj table in SDSS-DR12) are
also excluded.
4 Study Sample Investigation
We aim to optically confirm and to estimate redshifts
of the X-ray cluster candidates (94 systems) using our
cluster detection algorithm based on the available pho-
tometric data from the SDSS S82 survey. As mentioned
above, of these candidates, 54 systems are previously
known as galaxy clusters in the literature with avail-
able redshifts in the range of 0.05-1.2. These available
redshifts are important to validate the redshifts esti-
mated from our work.
Due to the magnitude limits of S82 and our magni-
tude cut (i < 23), we are unable to detect galaxy clus-
ters beyond redshift of 0.8. Also, very low redshift clus-
ters subtend large angular area on the sky that are not
suitable for our algorithm, which investigates nearby
cluster galaxies to the X-ray position. Therefore, we
have excluded two high redshift clusters at z > 0.8 and
three low redshift systems at z < 0.1. Additionally,
we also excluded 4 systems that have only photomet-
ric redshifts or not completely covered in S82 survey.
We are left with a cluster sample comprising 45 clus-
ters with spectroscopic redshifts in the range of 0.1-0.8.
This sample is used in our algorithm to investigate and
validate our results.
After having acceptable redshifts for the known clus-
ters, we go ahead applying the algorithm on the remain-
ing X-ray cluster candidates (40 systems) that have no
redshift information in the literature. We do not expect
to identify those candidates that are more probable to
be at high redshifts, i.e. at z > 0.8. To assess our op-
tical cluster detections of the X-ray cluster candidates,
we generated a list of 100 random positions in S82 re-
gion and checked their clustering galaxies.
Fig. 1 shows the sky distribution of our study sam-
ples: known galaxy clusters with spectroscopic redshifts
(45 systems), X-ray cluster candidates (40 objects) with
no available redshifts, and our chosen 100 random po-
sitions. Fig. 2 shows an example of confirmed cluster
sample (3XMM J001737.3-005240 at z = 0.2141), clus-
ter candidate sample (3XMM J030213.0+000559), and
random positions (α=327.495172, δ=0.396132). We
can clearly see an overdensity of galaxies around the
X-ray center of the low redshift cluster (left) and low
galaxy density around the distant cluster candidate
(middle) and the random position (right).
5 The Method
5.1 Spectral Clustering Technique
Spectral clustering algorithm is a general technique that
partitions the rows of an affinity matrix according to
their components in the top k singular vectors of the
matrix (Kannan et al. 2004). If we consider the rows
of the matrix as points in a high dimensional space,
the spectral algorithm projects all points onto the sub-
space defined by the top k singular vectors of the ma-
trix. Each singular vector defines a cluster and each
projected point is back-mapped to the cluster defined
by the closest angle singular vector.
In general, clustering techniques are not only lim-
ited to computer science applications, but they are
also widely applied in different fields of science such as
Statistics, Biology, Psychology and Astronomy. Com-
pared to other clustering techniques, spectral cluster-
ing is easily implemented and efficiently solved by stan-
dard linear algebra software (Von Luxburg 2007) which
makes it a good choice for many problems. The spec-
tral clustering algorithm is able to identify clusters by
the connectivity of its members as well as the density
(Von Luxburg 2007; Kannan et al. 2004).
When applying the spectral clustering algorithm to
the galaxy clusters detection problem, galaxies are con-
sidered as observations (points in multi-dimensional
space) and their properties are considered as features
(dimensions of the space). Related galaxies in color and
magnitude properties are grouped in the same cluster
where their internal similarities are maximized while
external similarities with galaxies in other clusters are
minimized.
The pairwise similarity between galaxies uses the
fully connected similarity measure which is symmetric
and non negative and pairs of galaxies are connected
based on their colors and magnitudes. The Gaussian
similarity is an example of the pairwise similarity where
S(Gi, Gj) = exp(−||Gi −Gj ||/2σ2); (1)
where S(Gi, Gj) is the similarity measure between
galaxy Gi and galaxy Gj , i, j ∈ [1...n] and i 6= j, if
i = j, then S(Gi, Gj) is set equal to 0. The number
of galaxies is n and σ is a parameter that controls the
width of the galaxy neighborhood.
In our galaxy cluster finding algorithm we are using
the basic spectral clustering5 according to (Ng et al.
2002), setting the number of clusters to k = 2. The
5http://www.mathworks.com/matlabcentral/fileexchange/
34412-fast-and-efficient-spectral-clustering
5Fig. 1 Sky distribution of study samples investigated in our work: green dots, red pluses and blue squares correspond
to known galaxy clusters (45 systems), unconfirmed cluster candidates (40 objects) and random positions (100 locations),
respectively.
Fig. 2 SDSS deep images of examples of a known cluster at z = 0.2141 (left, 3XMM J001737.3-005240), a distant cluster
candidate (middle, 3XMM J030213.0+000559), a random position (right, α=327.495172, δ=0.396132) in S82 region. Left
and middle images are centered at X-ray emission peaks (marked by the cross-hairs) while the right one is centered at one
position of the 100 random positions, see the text.
distance measure in the k sub-dimensional space is
adopted by experimentation to be the ”cosine” dis-
tance. The matalb code of our algorithm is available at
https://github.com/1680/Journal-manuscript-code.git
5.2 The Algorithm
Here we present the steps of our spectral clustering-
based galaxy cluster finding algorithm. First, applying
the spectral clustering on the galaxies within 1 arcmin
from the X-ray position to identify cluster galaxy mem-
bers. Second, estimating a tentative cluster redshift
based on the photometric redshifts of the selected mem-
bers. Third, fine-tuning the tentative redshifts based on
photometric redshifts of cluster galaxies within 500 kpc
from the X-ray center. The details of the cluster find-
ing algorithm and its parameters are presented in the
pseudo code 1 (Algorithm 1). The algorithm flowchart
in the Appendix (A) shows a summarized visual steps of
our cluster finding algorithm. In the following subsec-
tions, we discuss our adaptation for the cluster spectral
algorithm to solve the galaxy cluster finding problem.
5.2.1 Choosing attributes for spectral clustering
Red-sequence technique is a powerful method for
separating cluster member galaxies from field (fore-
and background) ones. The E/S0 ridgeline in color-
magnitude relations show up in different color spaces
as a function of redshift due to the shifting of 4000
A˚ across SDSS filters. The suitable colors for cluster
redshift ranges 0.0 − 0.43, 0.43 − 0.7, 0.7 − 1.0 are
6Algorithm 1 : Spectral clustering-based galaxy cluster finding algorithm
1: For each X-ray cluster candidate do:
1.1: Select galaxies satisfying the following constraints:
i) Angular separation from the candidate center < 1 arcmin.
ii) 0.03 < zphot < 1 and (err zphot/zphot) < 0.5.
iii) i < 23 and err i < 0.3.
1.2: For each selected galaxy from the previous step do:
1.2.1: Select magnitudes and colors for each galaxy as features (sec. 5.2.1).
1.2.2: Normalize features to the range [0:1].
1.3: Calculate similarity values between each pair of galaxies based on color and magnitude features. This produces
a similarity matrix of dimension (n× n).
1.4: Use the spectral clustering algorithm to cluster the selected galaxies based on the similarity matrix into k = 2
clusters (a target cluster and a ’fore- and background’ cluster). Choose the cluster having the brightest galaxy
in r band to be our target cluster (explained in sec. 5.2.2).
1.5: Filter the galaxies in the target cluster based on a cluster membership threshold (explained in sec. 5.2.3).
1.6: Construct a histogram of photometric redshift estimates of the galaxies obtained from the previous step with a
bin resolution of 0.05. Find the redshift corresponding to the peak of the histogram and consider it as the cluster
tentative redshift.
1.7: Fine tune the cluster tentative redshift as follows:
1.7.1: Estimate the angular radius corresponding to projected separation of 500 kpc at the tentative redshift.
1.7.2: Select all galaxies with photometric redshift within the redshift interval of (tentative redshift ± 0.04(1 +
tentative redshift)) and within the chosen physical radius. Then, compute the weighted mean redshift, zˆp,
for the selected cluster galaxy members to be the target cluster photometric redshift (sec. 5.2.4).
1.7.3: For the selected galaxies from the previous step, find those having available spectroscopic redshift values
and compute the weighted mean redshift to be the target cluster spectroscopic redshift zˆs.
1.7.4: If the difference between the tentative redshift and zˆp is < 0.001, end the algorithm and report results. If
not, set the tentative redshift equal to zˆp and repeat steps from 1.7.1 to 1.7.4.
g−r, r− i, i−z, respectively, as given in (Table 2, Hao
et al. 2010). Therefore, one needs to know the expected
redshift of the cluster, in advance, to decide which color
to use. An additional color (r − z) was proposed for a
wider redshift range (z < 1.4) since it increases mono-
tonically with redshift (High et al. 2010).
Since we have no prior information about the cluster
redshift, we decided to use all available photometric
information. As galaxy features, we use 4 magnitudes
(g, r, i, z) and all possible combinations of colors based
on these magnitudes, 6 colors (g − r, r − i, i− z, g −
i, g − z, r − z). This gives a final feature vector of
size 10 for each galaxy G. The choice of this attribute
combination could be suitable for identifying clusters
at different redshifts.
5.2.2 Setting the number of clusters and choosing the
target cluster
We set the number of clusters k in the spectral clus-
tering algorithm to 2. One cluster corresponds to our
target cluster with member galaxies candidates, while
the other one corresponds to both foreground and back-
ground galaxies. Since we are grouping galaxies in
clusters based on magnitude and color information, we
choose the cluster containing the galaxy with minimum
r magnitude as a brightest cluster galaxy (BCG) can-
didate.
5.2.3 Galaxy filtering using membership probability
We apply the spectral clustering on the galaxies satis-
fying constraints mentioned in step 1.1, Algorithm 1.
As an output, a distance vector is returned from each
galaxy G to each of the 2 centers of the clusters (n× 2
matrix). In order to improve the accuracy of the tenta-
tive redshift, we try to remove outlier galaxies by calcu-
lating the probability that every galaxy G is a member
of cluster k. This probability is the inverse of the dis-
tance Dk between galaxy G and center k divided by the
sum of the inverse distances to all k clusters as follows:
Probability(G ∈ k) = 1/Dk
Σ2k=11/Dk
. (2)
Then, we remove from the selected cluster all galax-
ies with membership probabilities less than a certain
threshold. By investigating the probability values,
which are very high (usually more than 95%), we choose
a threshold of 80% membership probability. As a result
of applying this threshold, a median of 9% of the ini-
tially selected cluster galaxies are being excluded.
75.2.4 Choosing weights suitable for determining
cluster weighted mean redshift
The cluster photometric and spectroscopic redshifts
are computed based on its member galaxies photo-
metric and spectroscopic redshifts, respectively. Since
galaxy redshifts differ in the accuracy of their estimates,
weights should be associated to each galaxy redshift and
then the weighted mean redshifts are calculated.
6 Results and Discussion
We present here the results after applying our algorithm
on the cluster sample (45 clusters) with known redshifts
as well as the cluster candidate sample (40 candidates).
We also use the data for 100 random positions to esti-
mate the detection reliability of the resulting clusters
from our method.
6.1 Applying our spectral clustering-based cluster
finding algorithm to the cluster sample with
redshifts
Using our cluster finding algorithm described in sec. 5.2,
we detect the optical counterparts and estimate photo-
metric redshifts for the cluster sample that are previ-
ously known in the literature with spectroscopic red-
shifts. The photometric redshifts of the cluster sample
are re-estimated for the 45 clusters. Of these, 35 sys-
tems have spectroscopic confirmation based on at least
one member galaxy with spectrum within 500 kpc from
the cluster center. Fig. 3 (left) shows the comparison
of the photometric redshift estimates (zˆp) and the spec-
troscopic ones (zˆs) where zˆp values agree with zˆs values
within ±0.075. The histogram of the differences be-
tween these redshifts is shown in Fig. 3 (right). These
redshift differences have a mean of 0.0073 and a stan-
dard deviation of 0.025. This indicates that the uncer-
tainty in the reported photometric redshift estimates is
0.025.
We note here that the cluster sample has spectro-
scopic redshifts either from SDSS or other surveys.
When comparing our photometric redshifts with the
published spectroscopic ones, we find a good agreement
for 95% accordance within error allowance of ±0.1, as
shown in Fig. 4 (left). The distribution of the redshift
differences is shown in Fig. 4 (right). There is only
one cluster (3XMM J002223.3+001201) that has com-
pletely different redshift than the published one. By
investigating this system, we found a cluster at a red-
shift of 0.28 identified by Szabo et al. (2011); Takey
et al. (2011); Wen & Han (2015). Our algorithm de-
tected another cluster at a redshift 0.58 along the line
of sight. After excluding this system, the redshift dif-
ferences between our estimates and the published ones
have a mean of 0.013 and a standard deviation of 0.038.
As mentioned in the algorithm steps, we have se-
lected the BCG as the galaxy with minimum r magni-
tude within 500 kpc from the X-ray center. The BCG
offset is calculated as the separation between its posi-
tion and the X-ray emission peak position. Fig. 5 shows
the distribution of the BCGs offsets in angular sepa-
ration (left figure) and physical distance (right one).
Cluster with large offset of its BCG might have an on-
going merger.
Table 1 summarizes our galaxy cluster finding al-
gorithm results for 45 clusters with published spectro-
scopic redshifts. The columns are: IAUNAME, the In-
ternational Astronomical Union ID. (αXray, δXray), X-
ray detection sky coordinates (J2000, deg). Detection
ID, DETID, the X-ray detection number in the 3XMM-
DR5 catalog. (αBCG, δBCG), the BCG coordinates se-
lected within 500 kpc from the X-ray center. nzp is the
number of galaxies with photometric redshifts within
the redshift interval ±0.04(1+ tentative redshift) and
within the physical radius. zˆp is the weighted average
photometric redshift of the cluster calculated from the
available nzp galaxies. nzs is the number of galaxies
with spectroscopic redshifts among nzp galaxies. zˆs is
the weighted average spectroscopic redshift of the clus-
ter calculated from the available nzs galaxies. zpub is
the spectroscopic redshift puplished in literature (Takey
et al. 2016).
6.2 Investigating random positions
To avoid identifying non clusters as clusters (false pos-
itives) by our algorithm, we define the galaxy density
(in arcmin−2) as the number of cluster galaxies within
certain separation from the X-ray center divided by the
area within this radius. We compute galaxy densities
within 500 kpc and 1 arcmin in the cluster sample to
compare them to the ones computed in the 100 ran-
dom positions. We define µ500kpc, σ500kpc, µ1arcmin and
σ1arcmin as the mean and standard deviations of galaxy
densities within 500 kpc and 1 arcmin, respectively and
in order.
The cluster sample includes 45 clusters with spec-
troscopic redshifts in the range of 0.1-0.8. We divided
this range into seven redshift bins of 0.1 width. Then
we computed µ500kpc, σ500kpc, µ1arcmin and σ1arcmin
for those clusters in each redshift bin. Table 2 lists the
redshift bins for the cluster sample, number of clusters
in each bin and their mean galaxy density statistics.
Fig. 6 shows the mean galaxy densities (upper curve)
of the 45 clusters distributed over the 7 redshift bins.
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Fig. 3 Results of the our galaxy cluster finding algorithm: (left) zˆp versus zˆs for the cluster sample with known redshifts.
Both redshift estimates are derived from our algorithm. The solid line indicates the one to one relationship. (Right)
distribution of the differences between zˆp and zˆs which have a mean of 0.0078 and a standard deviation of 0.025.
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Fig. 4 Left: zˆp from our galaxy cluster finding algorithm versus the published spectroscopic redshifts (zpub) for the cluster
sample. The solid line represents the diagonal of the square. The differences between the redshift values are shown in the
right panel (after excluding the deviated cluster, see text for explanation).
The standard deviations are also indicated in the figure
as error bars.
For each random location, we create similar redshift
bins as the ones used in the cluster sample. We compute
the scale at these redshift bins and determine a radius
of 500 kpc as well as 1 arcmin. Then, we select galax-
ies according to same criteria used in the cluster sample
(sec. 5.2), i.e. in the same redshift interval, redshift and
magnitude cuts, and within 500 kpc or 1 arcmin from
the random position. We calculate the mean and stan-
dard deviation for the galaxy density in 100 positions
at each redshift. We notice that, in some positions,
there are over-densities of galaxies due to presence of a
cluster or filament related to a cluster. Therefore, we
do 3σ clipping to avoid these locations.
Fig. 6 shows the mean galaxy densities (with and
without 3σ clipping) as a function of redshift for the
random positions (lower curves) and their standard de-
viation values (error bars). As can be seen in the figure,
the mean galaxy densities for the known clusters are
higher than those of random positions for all redshift
ranges, which indicates the ability of our algorithm to
find true clusters.
6.3 Investigating non optically confirmed clusters
We apply the clustering algorithm on 40 X-ray selected
cluster candidates that have neither confirmed optical
counterparts nor redshift estimates in the literature.
For each candidate, our cluster finding algorithm out-
puts zˆp, zˆs (when available) and cluster members within
500 kpc and 1 arcmin from the X-ray centers. Then,
the galaxy densities at the cluster photometric redshift
are computed and compared to the values in Table 2.
For the same redshift, if the galaxy density within 1
arcmin of a candidate exceeds (µ1arcmin − σ1arcmin)
and also the galaxy density within 500 kpc exceeds
(µ500kpc−σ500kpc), we consider the candidate detection
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Fig. 5 Histogram of BCG offset from the X-ray position of the cluster sample in arcmin (left) and in kpc (right).
Table 2 Mean galaxy densities for known clusters in literature (45 systems). µ500kpc, σ500kpc, µ1arcmin and σ1arcmin are
the mean and standard deviations of galaxy densities within 500 kpc and 1 arcmin, respectively. Cluster counts are the
number of clusters within the corresponding redshift ranges.
Bin Redshift µ500kpc σ500kpc µ1arcmin σ1arcmin Clusters
ID range (arcmin−2) (arcmin−2) counts
1 0.1− 0.2 0.72 0.33 2.07 0.61 4
2 0.2− 0.3 1.82 0.83 3.12 0.61 10
3 0.3− 0.4 1.97 0.62 3.16 1.09 12
4 0.4− 0.5 2.63 0.71 3.18 0.86 7
5 0.5− 0.6 3.19 1.47 3.71 1.50 3
6 0.6− 0.7 3.30 1.50 3.64 1.67 7
7 0.7− 0.8 4.39 2.91 5.25 3.38 2
total 45
as a cluster. If only the galaxy density within 1 arcmin
excceds the referenced value (µ1arcmin − σ1arcmin), we
check for spectroscopic redshifts and if available we con-
firm the existence of a cluster.
Among 40 candidate clusters, 11 clusters are con-
firmed by our algorithm based on the previously men-
tioned conditions. There is one distant cluster candi-
date (3XMM J001738.1-005150) that is along the line
of sight of another nearby system and the algorithm
detected the nearby one. Therefore, we do not include
it in the results. This yields 10 identified clusters.
We have noticed that 2 candidates of the remaining
systems did not pass any of our galaxy density selec-
tion conditions but they have spectroscopic confirma-
tion for one cluster galaxy. By inspecting these sys-
tems through the navigating tool at SDSS we found
that the cluster galaxy with spectroscopic redshift
is coinciding with the X-ray center. Therefore, we
believe that they are galaxy groups and their red-
shift estimates from our algorithm are right. These
systems are also added to our results with a note
about confirmation through visual inspection which are
3XMM J232853.8+000540 (at zs=0.4428) and 3XMM
J022931.9+004459 (at zs=0.61858).
Fig.7 shows the photometric redshift distribution of
the cluster sample (45 objects) in dotted red bars with
a median of 0.36. The blue bars shows the same distri-
bution but for the 12 newly identified clusters by our
algorithm with a median of 0.57.
Table 3 lists the properties of the newly confirmed
clusters (12 clusters) after applying our algorithm to the
cluster candidate sample (40 clusters). The columns
are the same as in Table 1. These new 12 clusters are
in a photometric redshift range from 0.29 to 0.76 with
a median of 0.57. Among those 12 clusters, 7 have
spectroscopic redshifts.
As we expected, the high redshift clusters at z > 0.8
are still unconfirmed due to the magnitude cut used in
our algorithm. For those high redshift clusters, we need
to use deep NIR data together with current magnitudes
from S82 data.
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Fig. 6 The upper curves represent the mean galaxy density of cluster galaxies within within 500 kpc (left) and 1 arcmin
(right) for 45 known clusters. The lower curves in both figures indicate the mean density for galaxies in 100 random
positions before and after 3σ clipping, respectively. For all curves the standard deviation values are indicated by the error
bars.
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Fig. 7 Histogram of clusters photometric redshifts (zˆp) for
the cluster sample (45 clusters) in red dotted bars and the
new identified clusters (12 clusters) in blue bars.
7 Conclusion and Future Work
A galaxy cluster finding algorithm based on spectral
clustering technique is developed (https://github.com/
1680/Journal-manuscript-code.git). The spectral clus-
tering algorithm searches for clusters using the magni-
tude and color features. We apply the algorithm on
a sample of 45 clusters with spectroscopic redshifts in
the range of 0.1-0.8. These clusters are identified in the
framework of the 3XMM/SDSS Stripe 82 galaxy cluster
survey (Takey et al. 2016). Our cluster finding algo-
rithm identified the optical counterparts of these sys-
tems and reported their photometric redshifts, which
agree well with the published ones. We also apply our
algorithm on a sample of 40 X-ray cluster candidates
from the same cluster survey and optically confirmed
12 systems with photometric redshift range from 0.29
to 0.76 and a median of 0.57. The remaining candi-
dates are expected to be at high redshift and therefore
we need more data than the ones used in our analysis
to confirm them.
The spectral clustering algorithm is easy to imple-
ment and solve which makes it a good choice for solving
different problems. Also, this algorithm does not clus-
ter the observations (galaxies) itself as the K-means
algorithm does, but works on the similarity matrix cre-
ated from the relations between different galaxies in a
specific space. This results in the ability of the algo-
rithm to identify galaxy clusters by the connectivity of
their members as well as their densities (Von Luxburg
2007; Kannan et al. 2004).
The parameters inside the spectral clustering algo-
rithm can be adaptive to self tune the algorithm such
as σ, the local scaling parameter and k, the number
of output clusters (Zelnik-Manor & Perona 2004). The
algorithm also can be a learning one as it can learn the
similarity matrix from the data (Jordan & Bach 2004).
As a first application of the spectral clustering to find
galaxy clusters, we use the basic algorithm according to
(Ng et al. 2002). The self-tuning and learning versions
cab be used in future work.
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Appendix (A): Flowchart of the galaxy cluster finding algorithm 1
Start
For the proposed X-ray candidate: select
constrained galaxies, prepare feature
vector for each galaxy, generate similarity
matrix (steps 1.1 ... 1.3 in the algorithm)
Galaxies similarity matrix
Spectral clustering (step
1.4 in the algorithm)
Target cluster and fore-
,back-ground cluster
Calculate the tentative redshift from
the target cluster galaxies photometric
redshifts (steps 1.5 and 1.6 in the algorithm)
Fine tune the tentative red-
shift (step 1.7 in the algorithm)
zˆp, zˆs and members
of the galaxy cluster
More
X-ray
Candi-
dates?
Stop
No
Yes
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